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Abstract

Group method of data handling neural networks model (GMDH-NNM) is used to estimate daily pan evaporation (PE) using limited
climatic variables such as max temperature (Ti), min temperature (Tiin), mean wind speed (Wian), mean relative humidity (RHpean)
and sunshine duration (SD). And, for the performances of GMDH-NNM, it is composed of training and test performances,
respectively. The training and test performances are carried out using daily time series data, respectively. From this research, we
evaluate the impact of GMDH-NNM for the modeling of the nonlinear time series data. We should, thus, construct the credible data
of the daily PE data using GMDH-NNM, and can suggest the methodology for the irrigation and drainage networks system.
Furthermore, this research represents that the strong nonlinear relationship such as pan evaporation modeling can be generalized using
GMDH-NNM.
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L A=

T 8, FRAASE WS, SRREY oS 2 S0 E5AY] Bsiel 2 B2 okl o] gufo] A=
B0l olz}o]t} (Terzi and Keskin, 2005; Lenters et al., 2005) Class A% A= Sk =48 98t} 714 s Qlehil A
|H= g Foll sitfolrh 2yt olgk e ARSSRE dHie B wAIRS ZHAAL ltk Al 3k, SEAl WiEek
FHo|Me] FEES 3y S 2, FHRAIE e AR AR, A wEaE 2 33 vl 5
o] SA4ol Qojx ] eakE WERE 4 Utk (Vining, 2003). A Sl #50] - Aol 58] Al - 3FE L
2 Agzlolty S Se] 5ol B3 X|<oll A= A A1 GRSl o] Aol fEshe 54 71 s

s
o] A4 9 A FAXREE SHHA] SRS oS3} (Rahimi Khoob, 2009; Sabziparvar et al., 2009).

2 Ad79 HA2 Ak 7PdshA] W59} polynomial networks approachE ©]-8sle] U FHFHA] Sdke] mdslel| itk
polynomial networks approachs ©]-8-3F 217 W& 2] Sl?] group method of data handling neural networks model (GMDH-NNM)
o] 7S flotol BEste] e o 9 HAEI 0w JAEIT) B AgelME AlAdE e AlAgAtEe] B
Pk FAsiA Algke A= TR 7S 0]8-8te] GMDHNNMS] K3 stol| tigh A-8-4-S 71813)

2. MARES
2.1 AR A2 &=z A1A92 8 (Group Method of Data Handling Neural Networks Model, GMDH-NNM)

Aol g8 AsAe] FHIY AEYEE (GMDHNNM)S takde] EYAS 7K 43 725 vehia
Ith. GMDH-NNM=> dvpi} @e 58 23} & XS AAslr] ste] §4291 Qajel AdoA thakale] goz et
o] 2 5= gtk GMDHNNMS] 8 7ide A=8 8% wughl 713 3 /bt 233 59 293 wughs ARlst
7] 913 S5 AAEhs Aolglal & 4= Qlrk B AEVIES 2EeE e AREE] gko, de olsEal gl ok

o]= H

¢

AL Aol BP0t 9 lFS T S g PHES ZHITke o] UK BT S Tk GVMDHNNME ] 9ie 7}
A Rl ATRE BTRALS o §3K Zlolth MRS HAlsh= A WA WA= SAo] FEslojof sh= thpAe
Yohe AASHE Jolth T WA Wk 9% =08 ol RE DT HERS AYske Aol 3 duelE
& FYF wro] Bt AN Aol SAAFHE Hash FoEA oleldt AES] TS AY IANE o8
A3l Fo AT AHA gl F g ol APkt Fo BAE ALk 2 3L doht Bs 2

, sdisty 2 E=SS5t0 RS E-mail : swkiml968@dyu.ac.kr

1596



Wt 7pPE T3kt o 59 she] Bl i B ko] X, thaka o] A Ages ofgA dAstelof st
= Zlojrt. 2yt GMDH-NNM 7153t @ BE X3k Alwste] Bzl 372 tigh AR} H2] takas 4%
& AT} (Farlow, S.J., 1984; Yoshimura, et al, 1985; Neuroshell 2; 1993). ¥ <¢17%ollA] GMDH-NNM< Scale> 247k -1, izt
124 M3 ow 74481901, SMART GMDH-NNM 23 o2 4slgich ae)a 2] upddge o=z AAsigiot

S T17he] ZPgRELTAA s e
n7 2] ol 1 AGS tEF & P Agelolok spul, A 309 ogel 71
£ 5 B EA TN 31 9 o) e

s

Aol 7iEE SMART GMDHNNMS Z-8317] flste] Hasdt 7Pdxtss &S] 7 s8R A~
el(Water Management Information System, WAMIS)2] &3|o|<](www.wamis.go.kr)2} 71734792 7% S o] %) (www.kma.go.kr) 2]
A F5 IIAERNE F3 285E o839tk 18]311 SMART GMDH-NNMS Z4317] 915le] o] 83t 7 dxls=
19851 1€ 195H 1990 129 3197FA19] A e] H71 (Tr), HA7TE (Toin), BTEE (W), BT AHEE
(RHnew), GZFAIZE (SD) B FEHA| 284 (PE)Y] 7VAIRE o] &ale] FAs 9 HAEARRE 4315

4. SMART GMDHNNM©C] ==

4.1 EE?I@ (Training Performance)
2 ATollA ERIES A B rﬂ?ﬂﬂtHifEi 1985 19 194E 19899 12 31U71A1e] dek9ie] 717
olgslglon, & 1826719 ARAIAGR A=) rh 3 SMART GMDHNNME 35714t 2 o771l 1 aay
A

%
EH

Mol REow %Wobiv} mEe] AL §JEE i&?— TR 7PRIA] whEbA] HEEQl o, FEE wue A
ko 2k TALQTE thg Table 12 ¥ A olA A¥ SMART GMDHNNMS] 4714t 2ae] 1z JEF wo
2 FHT o= Hehlal )ik 722 SMART GMDHNNMe| 3o uhe xaagurﬂiﬁ AdFF wso] 7 TR S
zEslele] Agslsint dubdoR i8S wEES BTl a3 olf F shve 7F EE wEE0] AR e W]
24 #=9 gES Yehla gl7] g, oleldt 9¥S wuss gidlsia TXMDHOM 4
=M 7} Wigse] el E3E AASH] $18 AoR T} (Kim and Kim, 2008a, b; Kim et al.
2E BTVl 2 m gl FAA cde FHA kA 9 e S5 vERa vk & Eﬁé T

2 PgelA 5719 e we2 PAE KWA-MOD-5 2 DAE-MOD-59] E#d3p7) 71 4adk 2o Yepdth

A

L i =

o ﬂl
ol)lv

4.2 H|I7~E2}E! (Test Performance)

E AqeA BI2EAAGS F57180 F ol REE 1990 19 195E 1990 1249 3197kK]9] dugle] kR
5 olgslen, & 365719 ABAALR =] Utk wEbA] TR B APgE 2H oalalE o]gsle] HAENA
oA FHHA TS REslelvh 1 Ay SR sl U B ool s 9EE k=2 T
¥l KWAMOD-5 % DAEMOD-5¢] ElAEAL 74 %45e Zoz uepdtl the Figure 1(-0E F5714te]
KWA-MOD-3, KWA-MOD4 % KWA-MOD-5 53] & 3 HAEN A3 FUHA] Sikede] ASX|ef ARk ] vl
E Jehliz 9lem, o8 Figure 2(a)-(c)= th-714the] KWA-MOD-3, KWA-MOD4 2 KWA-MOD-5 289 £ % HXE
g AR FEHA] S| SRS AR HlwAE VeI glvk

54 &

2 Ao 4E= SMART GMDH-NNMT} A|$ke 7PIRIRE o]gsto] TUHAl S-S Ryslsiditt 489 7PirlEe 4
7 L i lgiel 7Rl 19854 19 1LHE 1990 129 31970419 dek9lo] H7]1 (Thw), FA712 (Tuin),
HIEE (W), BT FNFERHiean), SR (SD) B SEHA] S87F (PE)Y 7V3AES o] 8319om, o

% yT=
Zh 7] 2o FASIGITE ek S9F e FUA S SfUERE FAE] vk & el ¥ 4 HAE
S Fato] FF7 Vet 7 dtie] KWA-MOD-5 2 DAE-MOD-52] 2&o] 71 2] Aals yehlis oz 24
Holok eu B A= 2719 EEA 2 sAle lEE =] 2ENke ® SMART GMDH-NNM®] 23382 w71sl9lch

1597



< SMART GMDH-NNMS} #|3hgl 7]aignio 7 S ] Sulako] 1 Slof

.
) A77h AA AOE AREICh ERF FUHA LS VIEW T FEAAL] 23t of
o) wasle] AT FPse SO0 REM, ol mhE A%H A7k e

1. TR, =2 ] THEE A28 &9 o]A] http:/www.wamis.go.kr, 2009.

2. 71733, 71747 E51°1A hitpy//www.kma.gokr, 2009.

3. Farlow, S.J. (1984). Self-organizing method in modeling : GMDH type algorithms, Statistics : Textbooks and Monographs, pp. 1-54.

4. Kim, S. and Kim, H.S. (2008a). “Uncertainty reduction of the flood stage forecasting using neural networks model.” J. Americ. Water
Resor. Associ.,, Vol. 44, No. 1, pp. 148-165.

5. Kim, S. and Kim, H.S. (2008b). “Neural networks and genetic algorithm approach for nonlinear evaporation and evapotranspiration
modeling.” J. Hydro,, Vol. 351, pp. 299-317.

6. Kim, S., Kim, J.H., and Park, K.B. (2009). “Neural networks models for the flood forecasting and disaster prevention system in the
small catchment.” Disas. Advn., Vol. 2, No. 3, pp. 51-63.

7. Lenters, J.D,, Kratz, TK., and Bowser, C.J. (2005). “Effects of climate variability on lake evaporation : Results from a long-term
energy budget of Sparking lake, northern Wisconsin (USA).” J. Hydro,, Vol. 308, pp. 168-195.

8. Neuroshell 2. (1993). Ward systems group, Inc., MD.

9. Rahimi Khoob, A. (2009). “Estimating daily pan evaporation using artificial neural network in a semi-arid environment.” Theor.
Appl. Climatol., Doi : 10.1007/s00704-008-0096-3.

10. Sabziparvar, A.A., Tabari, H., Aeini, A., and Ghafouri, M. (2009). “Evaluation of class A pan coefficient models for estimation of
reference crop evapotranspiration in cold-semi arid and warm climates.”  Water Resour. Manage., Doi : 10.1007/s11269-009-9478-2.

11. Terzi, O. and Keskin, MLE. (2005). “Modeling of daily pan evaporation.” J. Appl. Sci., Vol. 5, No. 2, pp. 368-372.

12. Vining, K.C. (2003). Estimation of monthly evaporation from Lake Ashtabulain Novth Dakota, Orwell Lake in Minnesota, and Lake
Traverse in Minnesota and South Dakota, 1931-2001, Water Resources Investigation Report, U.S. Department of the Interior, U.S.
Geological Survey.

13. Yoshimura, T., Deepak, D., and Tagaki, H. (1985). “Track/vehicle system identification by a revised group of data handling (GMDH).”
Int. J. Systems Sci., Vol. 16, No. 1, pp. 131-144.

Table 1. SMART GMDH-NNM structure

Station Model Input Nodes Output Node
KWA-MOD-1 Tirax PE
KWA-MOD-2 Thex , Thin PE
KWANGJU KWA-MOD-3 Tivax , Tinin , Winean PE
KWA-MOD-4 | Tox . Toin . Waan . Rbean PE
KWA-MOD-5 | Tu . Tain . Winan . RHoean . SD PE
DAE-MOD-1 Tonax PE
DAE-MOD-2 Toax , Tinin PE
DAEGU DAE-MOD-3 Toax , Toin , Wincan PE
DAE-MOD-4 | Tuux . Tiin . Wcan . RFmean PE
DAE-MOD-5 | T . Toin . Wincan . RHoean . SD PE
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Table 2. Results of training performance

Station Model Layers Best Formula Legend

X1=2.*(Tiract4.6)/40.6-1.

KWA-MOD-1 6 Y=0.46*¥X1-0.61+0.16*X1"2-0.3 1*X1"3+0.18*X1"4+0.45*X 115
Y=2.*PE/12.5-1.

X1=2.%(Tuct4.6)/40.6-1.
KWAMOD-2 | 3 Y=1.1¥X1-0.69%X2-0.61+0.2#X 121 3*X2/2+5 4E-002*X2/3+1 2*X | ¥X2 .
- - 04X X2=2.#(Tpirt12.5)/39.3-1.
Y=2.*PE/12.5-1.

Y=1.7*X1-1.1¥X2+0.11*¥X3-0.47+0.8*X 112-0.8*X2"2-0.38*X3/2+7.6E-002 X1=2.%(Trt4.6)/40.6-1.
¥X2A3+0.23*X 1$X2+0.86*X 1#X3-0.67*X2%X3-0.89* X 1 ¥X2*X3+0.27#X 13 | X2=2.%(Tyint12.5)/39.3-1.
+0.27%X1¥X2/2-0.29% X 1¥X3/2-6.7E-002*X 1 *X2/3-0.65*X 1 2*X2+0.65 X3=2.*(Wiear-2)/8.1-1.
#X 1A2%X3-0.29%X 112%X2*X3 V=2 *PE/12.5-1.

KWA-MOD-3 9

Y=-0.49%¥X2+0.14%X3-0.36-0.17%X4+1.2%X 1+0.34*X1/2-0.72%X22-0.37 X1=2.*(Tiraxt4.6)/40.6-1.

KWANGIU *X4N2+4.2E-002%X273+0.78* X 1¥X2-0.29% X 1 ¥X4-0.16*X 1#X3+0.45%X2 | X2=2.%(Tmint12.5)/39.3-1.
KWA-MOD-4| 12 *X3-0.21¥X32-0.12¥X 1A 2¥X3-0. 27 X2/ 2¥X3+0.37¥X3/3+5.E-002*X2"3 | X3=2.%(Wigarr-2)/8.1-1.
*X3+0.75¥X1¥X2FX3-0.84*X 1 ¥X3/2+0.66*X2*X3/2+0.38 X *X2*X3%2 | x4= *(RFlyear2.6)/953.
0.21%X3%X4-0.49%X3¥X4/2-0.34*X 1 *X3*X4-0.1 1 ¥X43 =2 *PE/12.5.1.9.1.

Y=-0.2%X4+9.9E-002*X3+0.79%X1-0.13*X2-0.36+0.22*X5+0.25%X1°2-0.17 | X120 %(Tuct4.6)/40.6-1.
*X472+0.21%X542-0.13¥X 1/3+9.5E-002*X43+0.23*X5/3+0.21 *X 1 *X5 X2=2 #(Tyirt12.5)/39.3-1.
+0.22% X 1*X4*X5-8.E-002%X2/2+0.33*X3/3-0.1 1 ¥X2*X3+0.29*X |

KWA-MOD-5| 12 #X3-8.6E-002*X3*X4+0.16*X3*X5+7.8E-002*X1/2*X3-0.11*X3

#X4A2+0.124X3%X5/2-9 6E-002* X 143X 3+4.E-002*X3*X4/3

+0.12*X3*X5/3+8.8E-002*X 1 *X3*X5+9.4E-002*X 1 *X3*X4*X5

+7.6E-002*X4*X5-7.E-002*X2/3 Y=2.*PE/12.5-1.

X3=2.*(Wincar-2)/8.1-1.
X4=2.*(RHyean-2.6)/93.9-1.
X5=2.%SD/15.77-1.

(Kmangiu, Training + Testing)

Pan Buaporaton (Kvangj, Training + Testing) Pun Braporation (Kwangio, Training + Testing)
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Fgure 1. Comparison of pan evaporation for training and testing performance (Kwangju station)

Pan Evaporation (Dacgu, Training + Testing) e Pan Buaporation (Dacgu, Training + Testing)
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Figure 2. Comparison of pan evaporation for training and testing performance (Daegu station)
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